Strategically designed sample composition (SSC) is a new technique that decreases the number of analytical determinations needed in routine screening to as few as the number of original sample specimens while providing information that is specific to them. Although this new technique has been applied to environmental studies, this paper describes its first application to food safety studies. Contamination of milk samples with polychlorinated biphenyls (PCBs) was chosen as a case study to show the usefulness and potential of the SSC technique with a fast analytical procedure that involves saponification of the samples and solid-phase microextraction of the PCBs. A total of 20 sample specimens can be analyzed in 11 determinations with excellent predictions of the positive samples and the concentration levels of the contaminants. The robustness of the strategy was investigated and demonstrated. C onventional sample composition is a well-known procedure for analyzing a large number of sample specimens, aimed at increasing the probability of detecting the analytes of interest while reducing analytical costs, time, and workload. Several factors are used to decide the number of specimens that comprise the composite sample, including the sensitivity of the analytical techniques used for the measurements, the concentration levels of the analytes in the samples, as well as factors depending on the goals of the study, such as distributions and stratification of variables, subpopulations, etc. (1).
C onventional sample composition is a well-known procedure for analyzing a large number of sample specimens, aimed at increasing the probability of detecting the analytes of interest while reducing analytical costs, time, and workload. Several factors are used to decide the number of specimens that comprise the composite sample, including the sensitivity of the analytical techniques used for the measurements, the concentration levels of the analytes in the samples, as well as factors depending on the goals of the study, such as distributions and stratification of variables, subpopulations, etc. (1) .
For many decades, sample composition was used when only the average or integrated properties of a population were of interest. However, to determine the variability of the distribution of the component or property of interest, it was commonly accepted that any sample specimen should be treated on an individual basis (2, 3) .
In environmental and quality-control screening studies, frequently the goal is to detect outliers in the large number of sample specimens representing the area or process under study and not to obtain an average value. It is expected that most sample specimens will exhibit the "normal" (unpolluted) state, whereas a few (or none) of them will exceed the specifications or permissible limits. The Pareto principle or sparsity effect (4) , often holds in such cases. Of course, in these situations we are interested in detecting the outliers and not the normal samples, but the time, work, and cost of the analyses is exactly the same for both. Sample composition can help to reduce the expended resources. First, it must be decided how many specimens can be mixed to form a composite sample. Usually the limit of detection of the analytical technique dictates the maximum dilution factor and, consequently, the number of specimens that can be accommodated in any composite sample. Second, the composite samples must be analyzed. If any of these composite samples gives a positive result, all the specimens comprising this composite sample must be analyzed individually to discover how many are really anomalous and the concentration levels of the analytes of interest in these anomalous specimens. Thus, it is clear that sample composition would be advantageous only if the Pareto principle actually applies in our particular study. Otherwise, most, if not all, of the original specimens should be analyzed individually.
Strategically designed sample composition (SSC) uses special experimental design matrixes to guide the sample composition process and, from the properties of these matrixes, evaluates the original sample specimens by using only the analytical results for the composite samples (5-7). Thus, SSC has the advantages of conventional sample composition in terms of reduced cost, time, and work spent in making the analytical measurements while providing information about the individual specimens. Moreover, SSC can use conventional factorial design matrixes (8, 9) or supersaturated matrixes (10) (11) (12) (13) (14) (15) (16) to design the composite samples. Supersaturated design matrixes are not orthogonal, exhibiting fewer degrees of freedom than are needed to solve the set of equations. In practice, this means that the number of rows (representing the composite samples in the design matrix) is lower than the number of columns that represent the sample specimens. In this way, sample composition can be used advanta-geously in screening studies, allowing the analysis of large numbers of samples and maximizing useful information while minimizing resources.
The usefulness of SSC in environmental screening studies has been shown (5-7). This paper presents the first real application of this technology to quality and food safety control. The screening for polychlorinated biphenyls (PCBs) in milk samples has been selected as a challenging case study to show the applicability and usefulness of the SSC technique.
Milk control is a problem characterized in some respects by the catching procedure. In many regions, the production of small-and medium-sized producers is collected and mixed with milk produced in other locations once the material arrives at the dairy. Many quality and safety parameters must be measured in situ at the catching place or before mixing and processing (17, 18) . Other parameters usually cannot be measured in this way because of the complexity and cost of the analytical technique involved or the time needed to obtain the analytical results; analysis for PCBs is an example of this type, although many other analytes also can be classified in this group. For most of these analytes, it is assumed that they may be present in milk batches only sporadically, whereas the vast majority of collected milk will contain PCB residues at levels below the allowed maximum residue levels (MRLs). Thus, although systematic control of these pollutants in the milk batches entering the dairy is fully advisable from the point of view of food safety, it is not easy to justify from an economic point of view. However, it is clear that in cases of polluted batches, enormous amounts of milk can become contaminated during mixing. Food, especially fatty food, has been widely recognized as the main source of intake of toxic chemicals such as PCBs (19) . Dairy products, and milk in particular, are of special interest because of their extensive and elevated consumption by many populations (20) . Recommended maximum limits for PCBs in milk and dairy products range from 200 ng/g (Canada) to 1500 ng/g (Thailand). Germany has established MRLs for some congeners (0.04 mg/kg for PCBs 28, 52, 101, and 180 and 0.05 mg/kg for PCBs 138 and 153 in milk of any animal species and products thereof; 21). These MRLs apply to the fat contained in the food. For foods with a fat content of £2 g/100 g, the applicable concentration is 0.001 mg/kg total weight of the food.
The only way to screen systematically for this type of analyte is to use fast and inexpensive analytical procedures or to use analytical strategies that can decrease the number of analyses needed. For those cases, e.g., PCB congeners, for which the current analytical state of the art does not provide fast routine tests, SSC can be of use. Of course, the combination of the fastest available analytical procedures and SSC should be the technique of choice in screening studies. This paper describes the application of SSC to the detection and estimation of the concentration levels of selected PCB congeners in milk samples. A total of 20 sample specimens can be analyzed in only 11 determinations with excellent predictions of the positive samples and the concentration levels of the contaminants in each of the original sample specimens. (c) Samples.-Full-fat milk samples (3.6% fat) were purchased from local markets. Spiked milk samples were prepared by addition of small volumes of acetone solutions containing the target analytes in the concentration range of 4-76 ng/mL. The spiked samples were homogenized in an ultrasonic bath for 5 min; later, the samples were kept at 4°C for 24 h to allow analyte-matrix interactions.
Experimental

Reagents and Materials
Headspace Solid-Phase Microextraction (HS-SPME) Procedure
Manual SPME holders were used with a 100 mm polydimethylsiloxane (PDMS) fiber assembly (Supelco, Bellefonte, PA). The fibers were conditioned as recommended by the manufacturer.
A 2 mL portion of a composite or individual (for checking experiments) sample was placed in a 22 mL headspace vial. A small glass-coated metallic stirring bar and 3.5 mL 20% NaOH solution were added to the vial. The vial was sealed with a headspace aluminium cap furnished with a Tef- lon-faced septum and immersed in a boiling water bath, placed over a magnetic stirring device. After a 6 min equilibration, the PDMS fiber was exposed to the headspace over the sample for 60 min. Heating and stirring were maintained during the entire extraction process. Once the extraction was finished, the fiber was immediately inserted into the injector of the gas chromatograph for analysis. Desorption time was 5 min. Full details of the HS-SPME optimization procedure for PCBs in milk samples have been published elsewhere (22) .
Chromatographic Conditions
A Hewlett-Packard (HP) 5890 Series II gas chromatograph equipped with an electron capture detector and a split/splitless injector, operated by HP Chemstation software, was used for gas chromatography (GC). PCBs were separated on an HP-1 column, 25 m´0.32 mm id, coated with a 0.17 mm film. The GC oven temperature program was as follows: 90°C, hold 2 min; increase at 20°C/min to 170°C; hold for 7.5 min; in- crease at 3°C/min to final temperature, 280°C; hold for 5 min.
Nitrogen was used as the carrier and make-up gas with a column flow of 1.2 mL/min at 90°C. The split flow was set at 50 mL/min. The injector and detector temperatures were 260 and 280°C, respectively. The injector valve time was set at 2 min.
Fundamentals and Basic Layout of Proposed Strategy
Although the fundamentals of SSC have been recently published (5, 6), they are sufficiently new to justify a brief description here. The experimental design applies to all fields of science, allowing the production of results of enhanced quality with less effort and lower costs (8, 9) . Defining an experimental plan that is usually represented by an experimental matrix helps to solve experimental problems. Experimental matrixes are abstract mathematical objects that are developed to exhibit some qualities irrespective of the experimental field involved. To this end, they are made from coding that affords the use of dimensionless experimental variables expressed in a convenient, effective manner. An experimental matrix is characterized (1) the number of experiments to be performed (the number of rows); (2) the type and coding level of the supposed influential experimental factors or variables; and (3) the design for execution of the experiment (batchwise or sequential). Experimental factors can be qualitative or quantitative, continuous or categorical, depending on the particular problem to be addressed. Each row in the experimental matrix represents one experiment to be performed and, as such, each experiment will produce a result or response for the system studied under the prevailing experimental conditions. The last step in the experimental process involves construction of a mathematical model to assess the effects associated with each factor or variable.
The scheme in Figure 1 shows the SSC procedure. SSC uses a sample composition design matrix to conduct the sample composition process. This matrix has as many rows as experiments (composite samples, in fact) to be performed. In Figure 1 , composite samples have been denoted as Cs 1,2,..i,...N . The number of columns in the SSC matrix corresponds to the number of original sample specimens to be studied (named as S 1,2,...j,...M ). This matrix can adopt any of the common coding types in experimental design, although the simplest and most suitable for the purposes of sample composition is the 0-1 coding. With this coding, each column in the matrix indicates when a particular specimen S j is present (level = 1) or absent (level = 0) in the composite sample Cs i .
In the experiments described in this paper, sample composition was performed manually by following the design matrix shown in Table 1 . Each composite sample (a row in the matrix) is formed by the original sample specimens (columns in the matrix) that have a 1 in that particular row. Thus, for example, composite sample Cs 1 is composed of the original specimens S 2 , S 7 , S 9 , S 12 , S 15 , S 16 , S 18 , and S 20 , and the last composite sample, Cs 10 , includes all 20 specimens.
Unavoidably, supersaturated design matrixes exhibit a certain degree of nonorthogonality. The correlation structure of this matrix is shown in Table 2 , where it is evident that sample composition obtained by using this design matrix imposes a small but appreciable correlation between all specimens at a significant level for some of them.
Because the matrix used is balanced, each specimen is present in half of the prepared composite samples, and only the last row (Cs N ) in the matrix represents a conventional composite sample that includes all the original specimens. Quite reasonably, this composite sample is the first to be prepared and analyzed. To reduce the risks of false-negative results due to excessive dilution, it is advisable to analyze this Cs N composite sample in duplicate. False-negative results for the Cs N analysis will have dramatic consequences because the absence of any polluted sample specimen in the mixture will be concluded. The results obtained for this composite sample will dictate the course of further actions. If negative, it can be concluded that none of the original specimens contain an analyte that is above the permissible concentration level. There is no need to prepare or analyze the remaining composite samples. On the contrary, if this Cs N produces a positive result, the remaining composite samples (Cs 1 ...Cs N-1 ) must be prepared and analyzed. Except when it is decided to dilute all composite samples to the same final volume, these additional composite samples are diluted to only half the Cs N volume, so that the risks of false negatives from dilution effects are less probable. Moreover, the robustness characteristic of the design matrix, which eliminates the need for duplicate analyses of these composite samples, contributes greatly to the decrease in experimental effort when SSC is used. Finally, a vector of responses (R i ) is obtained that, by regression on the design matrix, will provide an estimation of the factor effects (in our case, the concentration level in the original specimens) according to the following model:
In fact, in SSC the estimated coefficients (b i ) associated with the original specimens indicate the magnitude of their contribution to the overall effect (i.e., their concentration level in the target analytes). It is evident that SSC implies a non-negativity constraint for the coefficients, which has significant implications in the procedures applied for the regression process.
Sample Composition and Software
Supersaturated design matrixes used in SSC are produced by means of Superga (Santiago de Compostela, Spain) software, which has been described elsewhere (23) .
Sample composition was achieved by taking equal volumes of all specimens comprising each composite sample. After they were mixed, all composite samples were diluted to the same final volume, although this is not a necessary condition in SSC (7). Thus, the dilution factor in the sample composition process was 20, which ensures that no false negatives will be obtained by excessive dilution of the original specimens.
Once the composite samples were measured by using the analytical procedure described, dedicated software (Gamich, Santiago de Compostela, Spain) was applied for the resolution of the design matrix. It consists of a regression program that uses evolutionary algorithms. Fundamentals and details of this software have been described elsewhere (24) . All of these programs were developed and implemented in the laboratory by using CA-Realizer V 3.0A programming language. Additional statistical calculations were performed by using Statgraphics (Rockville, MD) Plus V 3.3 (Manugistics Inc.; 25).
Results and Discussion
Selection of Design Matrix
The selection of the matrix to be used in sample composition depends mainly on constraints imposed by the analytical problem and the measurement technique. In most cases, the critical factor is the maximum permissible dilution, which defines the number of columns in the matrix. As mentioned above, the maximum dilution is obtained for the Cs N composite sample, which is necessary to ensure that the concentration of any of the targeted analytes in this composite sample is above the quantitation limit of the analytical technique.
It should be noted that, for practical purposes, positive or negative results depend on the quantitation limits of the analytical technique as applied to the sample composition process and on the allowed MRLs in the original samples. In practice, it is quite easy to make this decision if the MRLs are defined. In that case, the number of original specimens that can enter the sample composition process is obtained by rounding the ratio between MRLs (assuming only one sample specimen contains a contaminant at a concentration just above the MRL in the original sample set) and the quantitation limit for the analytical technique. Obviously, obtaining a false negative (i.e., missing the presence of a contaminated specimen in the original set) is considerably more critical than obtaining a false positive, so it is advisable to be conservative in defining the number of columns in the design matrix. In our case, detection limits for most PCB congeners were under 0.02-0.04 ng/mL (22) . Thus, if levels of PCBs in the original specimens range from 4 to 75 ng/mL, 20-30 sample specimens can be prepared if it is assumed that the final composite samples can be accurately analyzed by the proposed procedure. It was decided to make the more conservative decision, so the number of columns in the design matrix was fixed at 20. To configure the sample composition experiment, the number of rows in the matrix must also be decided. Usually this decision is made on the basis of time or cost considerations. However, these factors must be balanced by the actual number of anomalous (above limits) sample specimens expected. This selection is especially critical because a supersaturated matrix provides fewer experiments than degrees of freedom needed to evaluate all the effects. Thus, in supersaturated matrixes, the sparsity effect is a mandatory condition. This means that supersaturated matrixes can be advantageously applied when we can reasonably assume that only a few specimens are really anomalous; thus, the analysis strategy becomes an outlier-identification problem. Simulation experiments (7) have shown that, from a practical point of view, supersaturated matrixes run smoothly in SSC if the ratio of expected real positive specimens to the total number of specimens is £0.3. If this condition cannot be assumed, it is preferable to resort to more conventional factorial orthogonal designs (5, (7) (8) (9) . Another possibility is the use of flagged spy samples in the composition process. This process, quite logically, involves the substitution of a known standard for one original sample specimen. The process of sample composition is run exactly in the described manner. However, we have a means for validating the results produced (the known values for the standard), at the price of removing one specimen from processing.
In our case, it was decided to perform 10 experiments and to approximate to the accepted 0.3 limit of reliability for the strategy. Thus, 5 spiked milk samples in a total of 20 samples were used. Five milk samples were randomly chosen and spiked with various amounts of several PCB congeners. The final composition of these 5 samples, which is summarized in Table 3 , was chosen to provide several challenging situations to check the real applicability and usefulness of SSC. Specimen S 1 only contains 2 PCB congeners at low levels, whereas specimens S 7 and S 9 contain all the PCB congeners considered, in the first specimen at a low level and in the second specimen at a level 1 order of magnitude higher. Specimens S 14 and S 19 contain intermediate concentration levels of most of the PCB congeners considered. Thus, the first objective was to test the ability of SSC to reliably detect a number of anomalous specimens close to the 0.3 ratio limit but having very different quantitative and qualitative compositions. It must be noted that, although the selection of the specimens was completely random, 2 of them (S 7 and S 9 ) appear to be significantly correlated in Table 2 . This means that, in principle, we can expect difficulties in resolving these 2 specimens. Obviously, for real samples we cannot make any assumption about correlation because we do not actually know which specimens are anomalous. Working with spiked specimens in this situation provided an interesting benchmark for SSC.
Screening for PCBs in Milk Samples
Once the composite samples were prepared by following the design matrix in Table 1 , the Cs 10 sample was analyzed in duplicate. Obviously, this analysis provided averaged positive results for all the PCB congeners considered, so the remaining composite samples were also analyzed. No duplicates were analyzed for these remaining composite samples. The results of these determinations are summarized in Table 4 . These results were used to estimate the concentration levels in the original sample specimens by means of the dedicated Gamich software (24) .
Resolution of supersaturated matrixes requires a discussion of special regression techniques (7, 12, 16, 24) , which is clearly beyond the scope of this paper. Evolutionary algorithm-assisted regression (24) was performed by using the island model provided in the Gamich software. Essentially any evolutionary algorithm is parallel; however, it can be implemented in serial machines. Individuals in the population of an evolutionary algorithm can mate each other solely on the basis of their relative performance (the panmictic algorithm) or the use of additional criteria based on distance and/or similitude (niche-type algorithms). Among the last type, island models construct barriers between individuals. In the island model (26) , several populations of coded solutions are started simultaneously and left to evolve independently. Individuals live on explicit islands. Because the point in common for those populations is the problem to be solved, these populations evolve isolated in parallel and reach their optimum. Each island can be as distinct as desired. It is possible to start all the populations by using the same set of parameters or by using a different parameter to start each population. Depending on these selections, it is expected that some island will evolve in a different direction, i.e., toward a different solution, to reach the same global optimum. Eventually, it is possible to allow some individuals to migrate from one island to another to provoke a certain degree of mixing and eventual enhancements in the island's population. In the regression of supersaturated matrixes, it has been shown that the island model provides generally robust conclusions (7, 24) . In particular, we used a system of 10 islands, initialized by using different parameters (different selection operators, crossover and mutation probabilities, and fitness functions) that enabled a non-elitist survival mode and a very small (0.01) migration probability. When elitism is not used, better individuals in each population are not entitled to automatically survive to the next generation or to migrate from one island to another. Instead, a randomly chosen individual migrates, and all individuals compete equally for survival.
The results obtained are summarized in the graphs shown in Figure 2 . These graphs compare the concentration of each PCB added (data in Table 3 ), the concentration predicted by the evolutionary algorithm-assisted regression process, and the experimental value obtained by checking each individual spiked sample. The repeatability of the applied analytical technique was evaluated as 5-10% for the various PCB congeners (22) . Experimental checks of the spiked samples were performed only once. Thus, it can be seen that excellent agreement between theoretical, experimental, and predicted values was obtained in most cases. For clarity, only samples that were identified by the procedure as positives were included in the graphs. This means that any small false positives predicted by the regression procedure are included in the graphs.
It should be noted that, because no false negatives were produced, the results obtained appear essentially valid for screening or exploratory studies when one considers that only 11 analytical determinations were performed. Conventionally, the 20 original samples would be analyzed in dupli- cate to reduce the risk of false negatives to an acceptable level. Even if the original samples were processed only once, the number of analytical determinations would still be >11. Thus, the benefits of the proposed strategy are clear. An excellent estimation was obtained for the concentration levels of possible pollutants in the original milk samples without the need to analyze these samples individually. Note also that we selected an example containing a proportion of positive samples that is close to the limit of reliability for supersaturated matrixes.
Moreover, the small false positives can be assessed statistically and eliminated by comparison with the quantification limits of the analytical technique. False positives in genetic-assisted regression are the consequence of the non-negativity constraint imposed by the sample composition problem. This constraint brings about that real contaminated samples are usually slightly underestimated while differences leak to these small false positives. Conventional regression analysis (e.g., stepwise regression) cannot be used to solve the supersaturated matrixes, but it can be used to judge the significance of these false positives. In the case of the data in Figure 2 , none of the false positives associated with original samples S 2 and S 4 are significant at the 95% confidence level. Thus, this additional check on the suspicious results will provide the necessary confidence in the results. Once the false positives are eliminated, a new conventional regression using only the subset of significant sample specimens can give better estimates of the concentrations, although in our example it is clear that the original estimates are actually good.
In routine screening, another important practical factor to be considered is that by using this strategy the maximum number of analyses can be accurately predicted. Using the composition matrix in Table 1 , we know that, for any set of 20 milk samples, we will perform 2 or 11 analytical determinations. Thus, laboratory logistics and scheduling can be reasonably planned and programmed. On the contrary, if a conventional sample composition strategy is used, we know that the number of analyses can range from 2 to 22 (or 44 if replicated determinations are performed), which implies obvious logistics, planning, and scheduling difficulties.
Robustness of Proposed Strategy
The proposed strategy needs to be robust and to support significant errors without losing efficiency. Otherwise, composite samples should be analyzed at least in duplicate. To show the robustness of the proposed strategy, the data for PCB 28 were chosen. Figure 2 shows that the strategy was able to accurately detect the original sample specimens containing PCB 28, with sample S 4 appearing as a nonsignificant false positive. In a departure from these data, a series of manipulated vectors of the results were obtained. In each case, it was decided to randomly affect the result of a run by a positive or negative error. In this way 9, sets of manipulated results were prepared, simulating gross accidental errors in the analytical determination for one composite sample. These errors ranged from 10 to 50% of the real value obtained. No error was simulated in the result for the Cs 10 sample because this composite sample was measured in duplicate. All of these manipulations are summarized in Table 5 . It is clear that, in a strategy like the one proposed that does not use replicate analyses, this type of error, if present, cannot be detected. Thus, it is necessary to evaluate the influence of this type of error on the final predicted values.
For this study, fully independent regression processes were developed to present to the program the real and manipulated sets of results. In all cases, the process parameters (24) were maintained to be identical [population size = 100; maximum number of generations allowed = 500; initialization = random; selection operator = roulette wheel; elitist mode = enabled; crossover type = single; crossover operators = simple + heuristic; crossover probability = 0.6 + 0.7 (equally balanced); mutation operators = uniform + nonuniform; mutation probability = 0.01 + 0.01 (equally balanced); fitness function = squared euclidean distance (no scaling)]. These parameters, actually defaults in the Gamich software (24) , are not necessarily the best ones to solve these particular cases, but they do allow an objective comparison of the results. In addition, identical seed was used to initialize random number generator in all runs. The results obtained in all of these regression processes are depicted in Figure 3 and compared with the added concentrations as well as with the results of the experimental checking for the individual sample specimens. Figure 3 clearly shows that, in all cases, the sample specimens actually containing PCB 28 were detected as such. Interestingly, even the concentration levels are in good agreement with the real ones. Of course, a number of generally small false positives appear. These false positives can be treated as mentioned above and cases in which the concentration value appears significant must be checked experimentally. This will cause additional work, but it should be noted that this has happened only in one or 2 cases for sets of analytical results that included really enormous accidental errors. This demonstrates the robustness of the proposed strategy that supports really significant errors in the analytical determinations; although they cannot be corrected because no replicated analyses are performed, they do not compromise the reliability of the detection, which continues to produce acceptable estimates for the concentration levels in the original sample specimens. Obviously, the robustness is a consequence of the design matrix used to prepare the composite samples, which means that the selection of this matrix is of utmost importance.
Conclusions
The experiments described in this paper demonstrate the applicability and features of the SSC technique, which was applied for the first time to food safety studies. Milk samples can be accurately screened by using a limited number of analytical determinations and taking advantage of SSC without analyzing the original sample specimens individually. Moreover, the technique has shown an excellent robustness when gross accidental errors are present in the analytical results for composite samples. This characteristic removes the need for replicate measurements and decisively contributes to reductions in cost and analytical effort in routine screening, which are the main objectives of the SSC technique. The analysis for PCB congeners in milk samples is a challenging case study that fully justifies resorting to this type of strategy, because PCBs are ubiquitous pollutants that must be monitored, although available analytical methods are expensive and labor-intensive. It appears that many other pollutants are good candidates for this type of SCC approach.
